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Outline

* Overview of pre-training

e Taxonomy of pre-training: context vs contrast
* More discussion about pre-training

* Summary
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Pre-training

 What is pre-training?

* The training in advance of standard training
* Why pre-training?

* The standard training (data/model size) is not enough
 What to learn in pre-training?

* Representation learning: more general, self-supervised
* Task learning: more task specific, supervised

* When and where to apply pre-training?
* Any tasks that data/model size are not enough
* NLP, CV, Speech, and more

 How to learn in pre-training?
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Pre-training in NLP

* Pre-training + Fine-tuning, a new paradigm of NLP
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Pre-training in NLP
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Pre-training in NLP

Semi-supervised Sequence Learning
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Architectures
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ImageNet Top-1 Accuracy (%)

Pre-training in CV——Self-supervised
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Pre-training in CV——Supervised

Model
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Pre-training in Speech

test-clean
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Pre-training in Speech

2021/01/25

Rank

2

Model

Conformer + Wav2vec 2.0 + SpecAugment-based Noisy Student Training with

Libri-Light

O Pushing the Limits of Semi-Supervised Learning for Automatic Speech Recognition

Conv + Transformer + wav2vec2.0 + pseudo labeling
O Self-training and Pre-training are Complementary for Speech Recognition

ContextNet + SpecAugment-based Noisy Student Training with Libri-Light
D Improved Noisy Student Training for Automatic Speech Recognition

SpeechStew (1B)
O SpeechStew: Simply Mix All Available Speech Recognition Data to Train One Large Neural
Network

Multistream CNN with Self-Attentive SRU
0 ASAPP-ASR: Multistream CNN and Self-Attentive SRU for SOTA Speech Recognition
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0 wav2vec 2.0: A Framework for Self-Supervised Learning of Speech Representations
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How to learn in pre-training

* Learni ng para d Igm How Much Information is the Machine Given during Learning? .
i Su pe rV|Sed Iea n | ng P “Pure” Reinforcement Learning (cherry)
. . | 2 Thg machine predicts a scalar reward given once in a
* U nsu perVISed Iea rn | ng DXT:/ bits for some samples
* Semi-supervised learning O ——
* Reinforcement learning T ioreathig oW DT
. P Predicting human-supplied data
* Transfer learning > 10-+10,000 bits per sample
* Se If's u pe ersed |ea n | ng P> Self-Supervised Learning (cake génoise)
» The machine predicts any part of its input for any
o o observed part.
¢ P re_t ra I n I n g P Predicts future frames in videos
. » Milli f bit |
[ ] I n t h IS ta I k’ We fo C u S m 0 re 0 n © 2019 IEEE Iv?elr’:zorgl Solld&:tselsztsscgmg:oe 1.1: Deep Learning Hardware: Past, Present, & Future 59

self-supervised learning
 Context based and contrast based
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Context based vs Contrast based

* Context based
* Autoregressive Language Model (LM): ELMo [3], GPT-1/2/3 [4,5,6]
e Denoising Auto-Encoder (DAE): MLM (BERT[7], RoBERTa[9], ERNIE[21,23], UniLM[14],
XLM [15]), Seq2SeqMLM (MASS [11], T5 [17], ProphetNet [43], BART[12])
* Permuted Language Model (PLM): XLNet [10], MPNet [27]

 Contrast based

* Context-Instance Contrast

* Predict Relative Position (PRP): Jigsaw, Rotation Angle [45], Sentence Order Prediction (ALBERT
[19], StructBERT [20])

e Maximize Mutual Information (Ml): Deep InfoMax/InforWord [28], AMDIM [29], Contrastive
Predictive Coding [30] (wav2vec [41,42]), Replaced Token Detection (word2vec [1], ELECTRA[18])

 Context-Context Contrast

* DeepCluster [32], CMC [31], MoCo [34,37], SimCLR [35,38], BYOL [36], Next Sentence Prediction
(BERT [7])



Context based: LM

T
* Language model Liu = —Zlogp(xtlxq)

* Natural, Joint probability estimation
» Left to right, no bidirectional context information

* ELMo [3], GPT [4], GPT-2 [5], GPT-3 [6]

=1

 ELMo: NAACL 2018 best paper, GPT-3: NeurlPS 2020 best paper
* GPT-3 has 175 billion parameters, the largest model before (1.7 Trillion, Switch Transformer [46])

2021/01/25
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Context based: DAE

* Denoising Auto-Encoder
T
* DAE: Noisy Input, reconstruct whole clean input o, - = log plailR. X<)
=1

* MLM: Noisy Input (with mask tokens), reconstruct mask tokens Luwv=- > logp(&ixnw)

xem(x)

* Seq2SegMLM: Noisy Input (with mask tokens), reconstruct mask tokens, with

encoder-decoder framework J
Lsrsmim = — Z log P(xr|X\x,-: It Xi:z—l)

t=i

* BERT [7], MASS [11], RoBERTa [9], XLM [15], ERNIE [21,23], UniLM [14], ProphetNet [43],
T5[17], BART [12]
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Context based: MLM——BERT

 BERT [7]: Bidirectional transformer, vs GPT [4,5,6], ELMo [3]

BERT (Ours) OpenAl GPT

_
)/

[7] Devlin, Jacob, et al. "Bert: Pre-training of deep bidirectional transformers for language understanding." NAACL 2019 .



Context based: MLM——BERT

 BERT [7]: Bidirectional transformer

o) [x]

A A

Transformer

] OO

JCJOILJ0]
=

A
& g 4 g g4

X ) (x5 iv) [ xs

[7] Devlin, Jacob, et al. "Bert: Pre-training of deep bidirectional transformers for language understanding." NAACL 2019

ﬂP Mask LM Mask LM \
s > *

S S ) 20 e 6

BERT
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= L LI LI

O BEE. 8
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Pre-training

B Microsoft
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Context based: Seq2SeqMLM——MASS

 MASS: MAsked Sequence to Sequence pre-training [11]

* MASS is carefully designed to jointly pre-train the encoder and decoder

e

| A
Encoder ]—»{ Attention 4{ Decoder
r .t t 1t 1t 1 1 r + 1t T 1T T 1
2 (0e]) ) ) 8] (2] (B B NN EN SN

\ J
I

K
* Mask k consecutive tokens (a sentence segment)

* Force the decoder to attend on the source representations, i.e., encoder-decoder attention.
* Force the encoder to extract meaningful information from the sentence.

* Develop the decoder with the ability of language modeling.

[11] Kaitao Song, Xu Tan, Tao Qin, Jianfeng Lu, Tie-Yan Liu. MASS: Masked sequence to sequence pre-training for language generation. ICML 2019
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Context based: PLM

* Permuted Language Model  £y\y=-

t

log p(zs|z<;)

T
=1

* A generalized autoregressive language model, random permute the sentence order,
better use language model for pre-training
e Combine the advantages of LM and MLM

* LM: only left context, MLM: bidirectional context
e LM: conditional dependent, MLM: conditional independent

* XLNet [10], MPNet [27]

[10] Zhilin Yang, Zihang Dai, Yiming Yang, Jaime Carbonell, Russ R Salakhutdinov, and Quoc V Le. XLNet: Generalized autoregressive pretraining
for language understanding. In NeurlPS, pages 5754-5764, 2019.
[27] Kaitao Song, Xu Tan, Tao Qin, Jianfeng Lu, Tie-Yan Liu. MPNet: Masked and permuted pre-training for language understanding. NeurlPS 2020.
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Context based: PLM——XLNet

* Key designs in XLNet

e Autoregressive model, use permuted language model (PLM) to introduce
bidirectional context

* Two-stream self-attention to decide the position of next predicted token
* Use Transformer-XL to incorporate long context

%o [Xa)
A A

Transformer

logp($§9) =E.cz, Z logp(ath‘sz;Q)
t=c+1

Py P Psépz P,
= & $ & &

[X1 } {X3 ’ [X5 } [ X2] [X4J Xu Tan @ Microsoft Research Asia 21
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Context based: PLM——XLNet

* Two-stream self-attention

* Content stream: build content hidden, same as GPT/BERT in Transformer

e Query stream: token prediction, use position as input to decide which token to predict

(m—1)

gg‘;”) « Attention(Q = g\~ KV = hg”:l); ), (query stream: use z; but cannot see ., )

hg”) < Attention(Q = hg”fl), KV =h{™"Y.6), (content stream: use both z; and ., ).

th

1 )
3 1 1 i 1
' 1 I 1 I
i 1 1 1 1
Attention 3 2 2 2 2 @] @ 2 2
N ;

Attention Masks

Masked Two-stream Attention

3 L]
1 3 ) (1) (1) (1) (1) (1) (1) 1)
o :
: / N 2 g Query stream:

Content stream:
can see self

cannot see self

Masked Two-stream Attention

§ L
i Sample a factorization order:

)] SESTS 22
i (c)
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Context based: PLM——XLNet

* Transformer-XL
e Recurrence mechanism: cache and reuse the representation of previous segment

h{™ + Attention(Q = h(™~ 1 KV = [ﬂ(mﬂ,h;gl)} .0)

* Relative position embedding
* Do not care the absolute position, but only relative position

abs T T T T
Ay =B, Wy Wiy, + E,,; W Wil AT =B, W, W, gE,, +E;, W, Wi g R,

1,,3 -
(a) (b) (a) ()
T T T T T T
—l_ Uf:, Wq WkE.TJ +pz Wq WF{:UJJ + U Wk’EEgjj —i_'rU Wk,RRf-—,,f' .
(©) (d) ©) ()
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Context based: PLM——XLNet

* The advantage of XLNet (the task is sentence classification)
e Bidirectional context, vs GPT

LM (GPT) log P(is | the task)

PLM (XLNet) log P(is| the task) + log P(is | sentence classification)

* Dependency between predicted tokens, vs BERT

MLM (BERT) log P(sentence| the task is) + log P(classification| the task is)

PLM (XLNet) log P(sentence| the task is) + log P(classification| the task is sentence)

2021/01/25 Xu Tan @ Microsoft Research Asia 24



B Microsoft

Context based: MLM+PLM——MPNet

* The pros and cons of BERT and XLNet Do) [x)

* “the task is sentence classification”, predict token “sentence” and “classification” ) () )

=]
MLM (BERT) log P(sentence @) log P(classification| the task is [M] [M]) T

PLM (XLNet) log P(sentence| the task is) + log P(classification| the task is sentence) ':1 ':_2 E '_le 2_5
xa) (M) [ x5 ] (M) [ %6 ]
full position information dependency MLM (BERT)
e Two aspects ) ()
* Output dependency: dependency among the masked/predicted tokens T[f]m[ ) ]%}
* Input consistency: position information between pre-training and fine-tuning % ; m

Output Dependency | Input Consistency T

P1 P3 P5 P2 P4
MLM (BERT) Dd ) (xa) 5) ) (o)
PLM (XLNet) D Q " PLM (XLNet)

20210125 MIPNet: inherit their advantages but avoid their limitations 25




Context based: MLM+PLM——MPNet

* Autoregressive prediction (avoid the limitation in BERT)
* Each predicted token condition on previous predicted tokens to ensure output dependency

* Position compensation (avoid the limitation in XLNet)
* Each predicted token can see full position information to ensure input consistency

2021/01/25

X4 | X5 || X,
A A A

Transformer

P, Pyl Ps
ol ar 4r

?

P,| (Ps| [P, ] I Py [P [P,
b G $ g & &

EBIENEY

() (1] (i) (x4 ) (%6 ) (2]

(a)

Xq X3 X5 [M][M] [M] X3 X5 X;
+++++++++

SearEEEsEREseEEGEsAtEEesERNRRIRRR SRR iR aRRn s R SRR s RRaane

non-predicted

B Microsoft

e|
o ‘ can be attended

cannot be attended

Content Stream

non-predicted

predicted

(b)

predicted predicted
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Context based: MLM+PLM——MPNet
* The advantages of MPNet

MLM (BERT) log P(sentence| the task is [M] [M]) + log P(classification| the task is [M] [M])

PLM (XLNet) log P(sentence| the task is) + log P(classification| the task is sentence)

MPNet log P(sentence| the task is [M] [M]) + log P(classification| the task is sentence [M])

* Position compensation, input consistency, vs. PLM (XLNet)
* MPNet knows 2 tokens to predict, instead of 3 tokens like “sentence pair classification”

* Autoregressive prediction, output dependency, vs. MLM (BERT)

* MPNet can better predict “classification” given previous token “sentence”, instead of predicting
“answering” as if to predict “question answering”

2021/01/25 Xu Tan @ Microsoft Research Asia 27



Context based: MLM+PLM——MPNet
* The advantages of MPNet

B Microsoft

MLM (BERT) log P(sentence| the task is [M] [M]) + log P(classification| the task is [M] [M])

PLM (XLNet) log P(sentence| the task is)

+ log P(classification| the task is sentence)

MPNet

log P(sentence| the task is [M] [M]) + log P(classification| the task is sentence [M])

 How much conditional information is used on average to predict a

masked token? (assume all objectives mask and predict 15% tokens)

Inherit their advantages

MLM (BERT) 3" log Plaw,lo._ . M..:0) 100%
t=c+1 ‘
PLM (XLNet) Zn: log P(x,,|z._,;0) @ 92.5% ‘
t=c+1 >
MPNet S log Pla ..., M... 16) 92.5% 100%
2021/01/25 —

MPNet uses the most information to predict tokens

Avoid their limitations

28



Dynamic masking; No NSP; Extra training /
7 RoBERTa

/ Microsoft

Span masking; SBO

MPNet i .
: 7 BERT

Replaced token detection;

GAN /
7 ELECTRA /

Masked LM + Permuted LM |[¢——

Semantic role injection

Syntactic conditional magk

ELMo XLNet .
LSTM TRANSFORMER-XL

el

Masked LM, Next > UniLM
sentence prediction

| BERT /

___________________________

Word-level ordering + SOP

:/ StructBERT /

TRANSFORMER /

Seq2Seq Ioss/

Permuted LM; f SG-Ne!
Two-Steam Self attention Seq2Seq loss /

G|I:,-|- 7 L SOP; parameter sharing
TRANSFORMER _
Distillation from intermediate layers ALBERT
1.5B params /

L 4 > BERT-PKD Distillation and cosine-distance losses.

GPT Parallel 7/ MEGATRON- / / /

2.0 LM g o
Layer-to-layer distillation / DistiIBERT

7 TinyBERT / Mimicking attention module

2021/01/25 > MiniLM 29
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Context based vs Contrast based

 Contrast based

* Context-Instance Contrast

* Predict Relative Position (PRP): Jigsaw, Rotation Angle [45], Sentence Order Prediction (ALBERT
[19], StructBERT [20])

e Maximize Mutual Information (Ml): Deep InfoMax/InforWord [28], AMDIM [29], Contrastive
Predictive Coding [30] (wav2vec [41,42]), Replaced Token Detection (word2vec [1], ELECTRA[18])

 Context-Context Contrast

* DeepCluster [32], CMC [31], MoCo [34,37], SimCLR [35,38], BYOL [36], Next Sentence Prediction
(BERT [7])
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Contrast based

e Basic idea: learn from contrast
* Tell what is, and tell what is not

exp(s (¢,47))
exp(s(e,y*)) + 7" exp(s(z,5;) )

'CN — _Emay+:y_ 1Og

* Different contrast granularities
* Context-Instance Contrast
* Context-Context Contrast

2021/01/25 Xu Tan @ Microsoft Research Asia 31



Contrast based: Context-Instance Contrast

B® Microsoft

 Context-lnstance Contrast: Global-local contrast: the local feature of a
sample and its global context representation

* Patches to their image, sentences to their paragraph, words to their sentence, and
nodes to their neighborhoods.

EN — _]E’I‘,y—F,y—

log

exp(s (z,y"))

exp(s(z, 7)) + L5 exp(s(e,3;))

* Predict Relative Position (PRP): Jigsaw, Rotation Angle [45], Sentence Order
Prediction (ALBERT [19], StructBERT [20])

e Maximize Mutual Information (MI): Deep InfoMax/InforWord [28], AMDIM [29],
Contrastive Predictive Coding [30] (wav2vec [41,42]), Replaced Token Detection
(word2vec [1], ELECTRA [18])
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Contrast based: Context-Instance Contrast

* Predict Relative Position (PRP)
* Jigsaw, rotation angle, relative position [45]

Predict Relative Position Rotation |

2021/01/25 Xu Tan @ Microsoft Research Asia 33
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Contrast based: Context-Instance Contrast

* Predict Relative Position (PRP)
* Next Sentence Prediction (BERT [7])
* Sentence Order Prediction (ALBERT[19], StructBERT [20])

Next Sent Prediction Prev. Sent Prediction
Class label =1 Class label =2
* *
Transformer Encoder Transformer Encoder
[as] (5] [ [5] [sor] 2 [cus] [52] [ser] [5] [ser]
Actual Tokens ty t, ts ty te \ /1
SN I S > =
Lhe [[ni | [ ng |[n5 | [ R |[ nt [[ RE | - [ A

I3

|CLS | | Sy || SEP | |5, | SEP |

Transformer Encoder

positiontl g 1 px ] [p2 J[ps ] [2a ][ ps | [ | Corpus

Token + + + + + + + + Transformer Encoder
Sequence Lto ||maskr] [ &5 [[ ta ||t |[ ts | [taskr] - 2
\ Y / Class label = 0
Pre-shuffled Trigram Random Sent Prediction
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Contrast based: Context-Instance Contrast

* Maximize Mutual Information (Ml)
* Deep InfoMax/InfoWord [28], AMDIM [29]

----------------------

G Encoder G G Encoder G

Random / "
Vlews o

Deep InfoMax AMDIM
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Contrast based: Context-Instance Contrast

* Maximize Mutual Information (M)
e Contrastive Predictive Coding [30]

Predictions

.\‘\ -\‘\‘ '*-.._\.\
« S N
N N, \
@ '\‘ \. \
Zt+1 Zt+42 Zt+3 Zt+4
genc genc genc genc genc genc genc genc
Tt—3 Tt—2

Lt4+1 Lt4+2 Lt+3 Lt4+4
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Contrast based: Context-Instance Contrast

* Maximize Mutual Information (M)

* Wav2vec /Wav2vec 2.0 [41,42] L, = ~log == exp(sim(c:, Qr)/K)
qNQ exp(sim(ce, q)/k)

Contrastive loss

LZ
Context C |:| |:|
representations T T
Transformer
Masked

Quantized
representations Q

Latent speech #
representations

raw waveform X




Contrast based: Context-Instance Contrast

* Maximize Mutual Information (M)
« Replaced Token Detection (word2vec [1], ELECTRA [18]) Lrrp = Zlog p(ylX)

B® Microsoft
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Contrast based: Context-Context Contrast

* Context-Context Contrast: the relationships between the global
representations of different samples

e Cluster-based Discrimination: DeepCluster [32]
* |Instance Discrimination: CMC [31], MoCo [34,37], SimCLR [35,38], BYOL [36]



Contrast based: Context-Context Contrast

B Microsoft

* Cluster-based Discrimination: DeepCluster [32], Local Aggregation [33]

2021/01/25
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Contrast based: Context-Context Contrast

* Instance Discrimination: Contrastive Multiview Coding (CMC) [31]

vé e Vs
2021/01/25 : : o
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Contrast based: Context-Context Contrast

* Instance Discrimination: Momentum Contrast for Unsupervised Visual
Representation Learning (MoCo) [34,37]

contrastive loss contrastive loss contrastive loss
q [ ] k q [ ] k q L] k
q K q k q k
sampling momentum
encoder q encoder k encoder encoder encoder
memory
k bank L
x4 X ! x4 X

(a)end-to-end (b) memory bank (¢) MoCo
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Contrast based: Context-Context Contrast

* Instance Discrimination: A Simple Framework for Contrastive Learning of
Visual Representations (SimCLR) [35,38]

Sy, YR ", &
3 _ e = 3 e
Maximize agreement e S L s ¥
ZZ ¢ > - - Y + ¥ 5 L 3

h; <— Representation —»

(a) Original (b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

(f) Rotate {90°, 180°,270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering
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Contrast based: Context-Context Contrast

* Instance Discrimination: Bootstrap Your Own Latent A New Approach to
Self-Supervised Learning (BYOL) [36]

2021/01/25

view

~

N s
fo

representation

N\

ge

projection

@

Je

prediction

de

g¢

> qo(20) . online
\
\

\

\
1
1
I

loss

!

/
/

A—> sg(z) ¥

target
S8

44



B® Microsoft

Context based vs Contrast based

* Context based
* Autoregressive Language Model (LM): ELMo [3], GPT-1/2/3 [4,5,6]
e Denoising Auto-Encoder (DAE): MLM (BERT[7], RoBERTa[9], ERNIE[21,23], UniLM[14],
XLM [15]), Seq2SeqMLM (MASS [11], T5 [17], ProphetNet [43], BART[12])
* Permuted Language Model (PLM): XLNet [10], MPNet [27]

 Contrast based

* Context-Instance Contrast

* Predict Relative Position (PRP): Jigsaw, Rotation Angle [45], Sentence Order Prediction (ALBERT
[19], StructBERT [20])

e Maximize Mutual Information (Ml): Deep InfoMax/InforWord [28], AMDIM [29], Contrastive
Predictive Coding [30] (wav2vec [41,42]), Replaced Token Detection (word2vec [1], ELECTRA[18])

 Context-Context Contrast

* DeepCluster [32], CMC [31], MoCo [34,37], SimCLR [35,38], BYOL [36], Next Sentence Prediction
(BERT [7])
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How to use pre-training for downstream tasks?

* Choose pre-training task, model structure, data in pre-training

* In fine-tuning
* Feature incorporation or fine-tunning
 What to fine-tune? Embedding, partial layers, whole model
e Different fine-tuning stages, layer-wise fine-tuning
e Extra fine-tuning adaptors

* Reduce the gap between pre-training and fine-tuning
 Different pre-training tasks for different downstream tasks

* Make the data and model consistency with downstream tasks
* Joint pre-training and fine-tuning
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How to use pre-training for downstream tasks?

* Different pre-training tasks for different downstream tasks
* ColLA: The Corpus of Linguistic Acceptability, prefer ELECTRA
RTE, MNLI, QNLI: prefer sentence pair pre-training, such as SOP
NER: prefer non-degeneration output hidden, BERT instead of ELECTRA
SQUAD: prefer span based prediction, span mask

NMT, text summarization: prefer seq2seqMLM or conditional sequence generation
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How to use pre-training for downstream tasks?

* Compress the pre-trained model for practical deployment
* Pruning: Compressing BERT [47], LayerDrop [48]
e Quantization: Q-BERT [49], Q8BERT [50]
e Parameter sharing: ALBERT[19]

* Knowledge distillation: DistilBERT [51], TinyBERT [52], LightPAFF [53], BERT-PKD [54],
MobileBERT [55], MiniLM [56], DynaBERT [57]

* Neural architecture search: AdaBERT [58], NAS-BERT [59]
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Comparison between pre-trained models for NLP,
CV and Speech

 Model size and data size
* Image: SImCLRv2/800M/300M images, DALL-E/12B/250M image-text pairs,
* Speech: (Conformer + Wav2vec 2.0)/1B/60K hours speech data
 NLP: GPT-3/175B/400B tokens = Switch Transformers/1.6 Trillion/180B tokens

 Context-based or Contrast-based?

* Image, speech, more contrast based

 NLP, more context-based Cognition

* Perception vs Cognition @ 50300

* Image, speech is more like perception
* NLP is more like cognition

Perception Action

3

World
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Summary of this course

* Overview of pre-training in NLP, CV and Speech

* Taxonomy of self-supervised based pre-training
* Context based
* Contrast based

* More discussion about pre-training
* How to use for down-streaming tasks
* Comparison between NLP, CV and Speech



B Microsoft

Thank You!

Xu Tan
Senior Researcher @ Microsoft Research Asia
Xuta@microsoft.com

https://www.microsoft.com/en-us/research/people/xuta/
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